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• Breast 
• 94% of cases are local or regional at diagnosis but 30% will relapse 
Pollard, N Eng J Med, 2016 
• Estimate the amount of residual distant disease at diagnosis in order to 
personalize the adjuvant (chemo)-therapy  
• Avoid unnecessary, heavy toxicities 
• Lung 
• 57% of cases are metastatic 
• Decide whether to use whole brain radiation therapy or just 
(stereotactic) surgery 
• Avoid cognitive impairment of the patient
Steeg, Nat. Rev. Cancer, 2016
• Metastases are the main cause of death (>90%) from solid cancers Lambert and Weinberg, Cell, 2017
Institut Bergonié, Bordeaux
Metastasis (µετά = beyond, στάσιζ = place)
Some biological questions of interest to mathematical modeling
• Minimal model of metastatic dissemination and colonization able to reproduce the systemic 
dynamics of a solid cancer disease 
• Investigate the relevance of several processes:  
• (early VS late event Klein, Nat Rev Cancer, 2009) 
• (metastases of metastases Gundem et al., Nature, 2015) 
• (dormancy Chambers and Groom, Nat Rev Cancer, 2002) 
• tumor-tumor interactions 
• (cancer-immune interactions) 
• differential effect of therapy Ebos et al. (Kerbel), Cancer Cell, 2009 
• ((pre-)metastatic niche Peinado et al. (Lyden), Nature, 2005) 
• systemic inhibition of angiogenesis O’Reilly et al. (Folkman), Cell, 1990s 
• (self-seeding Norton, Nat Med, 2001)
Metastasis: a forgotten major player in modeling
• The majority of mathematical modeling efforts in oncology are focused on (primary) tumor 
growth 
• Existing models are based on a statistical, biologically agnostic, prediction of survival
Individual biomarkers 
PT size, lymph node status, 
histological grade, molecular 
factors, proliferation indices,…
van de Vijver et al., A gene expression signature as a predictor of survival in breast cancer, N 
Eng J Med, 2002
 
GENE-EXPRESSION SIGNATURE AS A PREDICTOR OF SURVIVAL IN BREAST CANCER
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Figure 2. Kaplan–Meier Analysis of the Probability That Patients Would Remain Free of Distant Metastases and the Probability of
Overall Survival among All Patients (Panels A, and B, Respectively), Patients with Lymph-Node–Negative Disease (Panels C and D
[Facing Page], Respectively), and Patients with Lymph-Node–Positive Disease (Panels E and F, Respectively), According to Whether
They Had a Good-Prognosis or a Poor-Prognosis Signature.
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PT growth law: gp 
Metastases growth law: g 
Pre-diagnosis Post-diagnosis
μ(Vp)γ
Metastasis: a forgotten major player in modeling
Prediction
van de Vijver et al., A gene expression signature as a predictor of survival in breast cancer, N 
Eng J Med, 2002
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Medical imaging is one of the major factors that haveinformed medical science and treatment. By assessingthe characteristics of human tissue noninvasively,
imaging is often used in clinical practice for oncologic diagnosis
and treatment guidance1–3. A key goal of imaging is ‘personalized
medicine’, where treatment is increasingly tailored on the basis of
specific characteristics of the patient and their disease4.
Much of the discussion of personalized medicine has focused
on molecular characterization using genomic and proteomic
technologies. However, as tumours are spatially and temporally
heterogeneous, these techniques are limited. They require
biopsies or invasive surgeries to extract and analyse what are
generally small portions of tumour tissue, which do not allow for
a complete characterization of the tumour. Imaging has great
potential to guide therapy because it can provide a more
comprehensive view of the entire tumour and it can be used on
an ongoing basis to monitor the development and progression of
the disease or its response to therapy. Further, imaging is
noninvasive and is already often repeated during treatment in
routine practice, on the contrary of genomics or proteomics,
which are still challenging to implement into clinical routine.
The most widely used ima ing modality in oncology is X-ray
computed tomography (CT), which assesses tissue density.
Indeed, CT images of lung cancer tumours exhibit strong
contrast reflecting differences in the intensity of a tumour on
the image, intratumour texture and tumour shape (Fig. 1a).
However, in clinical practice, tumour response to therapy is only
measured using one- or two-dimensional descriptors of tumour
size (RECIST and WHO, respectively)5. Although a change in
tumour size can indicate response to therapy, it often does not
predict overall or progression free survival6,7. Although some
investigations have characterized the appearance of a tumour
on CT images, these characteristics are typically described
subjectively and qualitatively (‘moderate heterogeneity’, ‘highly
spiculated’, ‘large necrotic core’). However, recent advances in
image acquisition, standardization and image analysis allow for
objective and precise quantitative imaging descriptors that could
potentially be used as noninvasive prognostic or predictive
biomarkers.
Radiomics is an emerging field that converts imaging data into
a high dimensional mineable feature space using a large number
of automatically extracted data-characterization algorithms8,9.
We hypothesize that these imaging features capture distinct
phenotypic differences of tumours and may have prognostic
power and thus clinical significance across different diseases. Here
we assess the clinical relevance of 440 radiomic features, many of
which currently have no known clinical significance, in seven
independent cohorts consisting f 1,019 lung cancer and h a -
and-neck cancer patients. Two data sets are used to assess
the stability of the features, four data sets to assess the prognostic
value of radiomic features on lung cancer patients and















II) Feature extractionI) CT imaging III) Analysis
Figure 1 | Extracting radiomics data from images. (a) Tumours are different. Example computed tomography (CT) images of lung cancer patients. CT
images with tumour contours left, three-dimensional visualizations right. Please note strong phenotypic differences that can be captured with routine CT
imaging, such as intratumour heterogeneity and tumour shape. (b) Strategy for extracting radiomics data from images. (I) Experienced physicians
contour the tumour areas on all CT slices. (II) Features are extracted from within the defined tumour contours on the CT images, quantifying tumour
intensity, shape, texture and wavelet texture. (III) For the analysis the radiomics features are compared with clinical data and gene-expression data.
ARTICLE NATURE COMMUNICATIONS | DOI: 10.1038/ncomms5006
2 NATURE COMMUNICATIONS | 5:4006 | DOI: 10.1038/ncomms5006 | www.nature.com/naturecommunications
& 2014 Macmillan Publishers Limited. All rights reserved.
Imaging data (Radiomics)
Aerts et al., Nat Commun, 2014
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tumour size <5 cm
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tumour size <5 cm
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Clinical data 
PT size, lymph node tatus, 
histological grade, molecular factors, 
proliferation indices,…
• The majority of math matical od ling efforts in oncology are focused on (primary) tumor 
gr wth 
• Existing m dels are b s d on a statistic l, biologically agnostic, prediction of survival
Outline
1. Modeling the dynamics of metastatic burden in clinically relevant ortho-surgical 
animal systems 
2. Clinical applications 
3. Tumor-tumor interactions
1. Modeling the dynamics of metastatic burden in 
clinically relevant ortho-surgical animal systems 
Experimental data and questions
Dr Ebos’ lab, Roswell Park Cancer Institute
Questions 
• Minimal model of metastatic development. 
Dissemination law? Differences between mets and 
primary tumor growth? 
• Quantify the inter-subject variability of metastatic 
development 
• What is the impact of the primary tumor size at surgery 
on metastatic development and survival?
Data 
• Clinically relevant ortho-surgical animal models 
of metastasis 
• Longitudinal measurements of primary tumor 
size and total metastatic burden 
• n > 400 animals
Time (days)




































































































Dissemination law: d(Vp)= μ(Vp) γ
PT growth law: gp(Vp)=Vp(αp-βpln(Vp)) 
Metastases growth law: g(V)=V(α-βln(V)) 
Pre-surgical Post-surgical
• Primary tumor Vp grows with rate gp  [size.day-1]
Mathematical formalismMathematical formalism 1: growth
• Primary tumor V
p
















(t = 0) = V
i
• Population of metastases structured
in volume v described by a density
⇢(t, v)
• Tumors grow in size with rate g(v)
) Transport equation when tumors grow
@
t
⇢(t, v) + @
v
(g(v)⇢(t, v)) = 0
t = 18 years
BACKGROUND & OBJECTIVES
AN ELEMENTARY THEORY OF METASTATIC DYNAMICS: 
DISSEMINATION + GROWTH
Modeling spontaneous metastasis following 
surgery: an in vivo-in silico approach
D. Barbolosi J. ML EbosS.Benzekry A. Tracz M. Mastri R. Corbelli
• Refinement of the metastatic aggressiveness distribution in patients subgroups 
(nodal involvement, hormonal and HER2 status,…)
• Patient-specific estimation of μ
• Differential effect of (targeted) therapies on primary tumor and metastases in 
preclinical drug development
• Metastasis remains the cause of 90% of deaths from solid tumors Chaffer and Weinberg, Science 2011
• ~ 20-30% of breast cancer patients will relapse with distant metastases EBCTG, Lancet, 2005
• For breast cancer, the current factors influencing decision for adjuvant therapy are: tumor size, nodal 
involvement, molecular factors (hormonal receptors and HER2 status), histological type and grade.
• In preclinical experiments, there is a need for a combined in vivo/in silico framework to address the effect of 
therapies on both  the primary tumor AND the metastases Ebos et al., Cancer Cell, 2009, Ebos et al., 
EMBO Mol Med, 2014
We sought to use a mathematical modeling approach for the following questions: 
• How to model in the most parsimonious way the link between pre-surgical tumor size and dynamics and 
post-surgical development of the metastases? 
• How to quantify metastatic aggressiveness (refine the M in TNM) and associated inter-individual 
variability?
• How to personalize adjuvant chemotherapy in order to limit toxicities for the low-risk patients and 
decrease the risk of metastatic relapse for high-risk patients?
• What is the quantitative impact of primary tumor resection on the future development of metastases? 
Figure 1





Dissemination law: d(Vp)= μVp
PT growth law: gp 
Metastases growth law: g 
Pre-surgical Post-surgical
1
Poisson process for the dissemination with rate 
d(Vp) = μVp
Growth rates of primary and secondary tumors
gp and g
Size distribution of the metastases ρ(t,v)
Iwata et al., J Theor Biol, 2000
Figure 2
A Surgery


















Median model primary tumor
10th and 90th percentiles model primary tumor
Data metastatic burden
Median model metastatic burden
10th and 90th percentiles model metastatic burden
Xenograft Model Isograft Model


















































































































































































2648 breast cancer patients screened for 
20 years after primary tumor resection (no 
adjuvant therapy) 
Koscielny et al., Br J Cancer, 1984
 
Cancer inception time can be inferred from 
PT volume V1 at diagnosis time T1 
(Gompertz growth).
Lognormal distribution of metastatic 
parameter μ for inter-individual variability 








1   D   2.5 27.1 25.5
2.5 < D   3.5 42.0 42.4
3.5 < D   4.5 56.7 56.3
4.5 < D   5.5 66.5 65.9
5.5 < D   6.5 72.8 74.3
6.5 < D   7.5 83.8 80.8
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2
p = 0.023 Pearson’s χ2 test for goodness-of-fit 
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IMPACT OF SURGERY ON SURVIVAL AS A FUNCTION OF PRIMARY TUMOR SIZE
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Negligible recurrence risk (RS = 1 cm)
HR=0.026 (0.0181 - 0.0372) p<0.0001
Benefit (RS = 4.5 cm)
HR=0.535 (0.475 - 0.602) p<0.0001
Negligible benefit (RS = 8 cm)
HR=0.902 (0.811 - 1) p=0.0569
No resection
C
Percentile of µ 10 25 37.5 50 62.5 75 90
RSB(µ) (%) 1 1 1 47 14 6.4 1.9
Recurrence threshold (cm) - 6.6 5.2 4 3 2.4 1.4
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FUTURE DIRECTIONS




 t (t, V ) +  V (g(t, V ) (t, V )) = 0 t  ]0,+ [, V  ]V0,+ [
g(t, V0) (t, V0) =  (Vp(t)) +
R + 
V0
 (V ) (t, V ) dV t  ]0,+ [




 t (t, V ) +  V (g(t, V ) (t, V )) = 0 t  ]0,+ [, V  ]V0,+ [
g(t, V0) (t, V0) =  (Vp(t)) t  ]0,+ [




 t (t, v) +  v(g(v) (t, v)) = 0
g(V0) (t, V0) = d(Vp(t))
 (0, v) =  0
g(V0) (t, V0) =  (Vp(t)) +
Z + 
V0
 (V ) (t, V ) dV
 t (t, V ) +  V (g(t, V ) (t, V )) = 0






V  (t, V )dV




Y ji = M(t
j
i , 
































Median model primary tumor
10th and 90th percentiles model primary tumor
Data metastatic burden
Median model metastatic burden
10th and 90th percentiles model metastatic burden
Xenograft Model Isograft Model































































































































































































































































































































































t  =  18.0 years
Time (years)






















































AN ELEMENTARY THEORY OF METASTATIC DYNAMICS: 
DISSEMINATION + GROWTH
Modeling spontaneous metastasis following 
surgery: an in vivo-in silico approach
D. Barbolosi J. ML EbosS.Benzekry A. Tracz M. Mastri R. Corbelli
• Refinement of the metastatic aggressiveness distribution in patients subgroups 
(nodal involvement, hormonal and HER2 status,…)
• Patient-specific estimation of μ
• Differential effect of (targeted) therapies on primary tumor and metastases in 
preclinical drug development
• Metastasis remains the cause of 90% of deaths from solid tumors Chaffer and Weinberg, Science 2011
• ~ 20-30% of breast cancer patients will relapse with distant metastases EBCTG, Lancet, 2005
• For breast cancer, the current factors influencing decision for adjuvant therapy are: tumor size, nodal 
involvement, molecular factors (hormonal receptors and HER2 status), histolo ical type and grade.
• In preclinical experiments, there is a need for a combined in vivo/in silico framework to address the effect of 
therapies on both  the primary tumor AND the metastases Ebos et al., Cancer Cell, 2009, Ebos et al., 
EMBO Mol Med, 2014
We sought to use a mathematical modeling approach for the following questions: 
• How to model in the most parsimonious way the li k between pre-surgic l tumor size and dynamics and
post-surgical development of the metastases? 
• How to quantify metastatic aggressiveness (refine the M in TNM) and associated inter-individual 
variability?
• How to personalize adjuvant chemotherapy in order to limit toxicities for the low-risk patients and 
decrease the risk of metastatic relapse for high-risk patients?
• What is the quantitative impact of prima y tumor resection on th  future development of metastases? 
Figure 1
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2648 breast cancer patients screened for 
20 years after primary tumor resection (no 
adjuvant therapy) 
Koscielny et al., Br J Cancer, 1984
 
Cancer inception time can be inferred from 
PT volume V1 at diagnosis time T1 
(Gompertz growth).
Lognormal distribution of metastatic 
parameter μ for inter-individual variability 
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IMPACT OF SURGERY ON SURVIVAL AS A FUNCTION OF PRIMARY TUMOR SIZE
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Mathematical formalism 1: growth
• Primary tumor V
p
















(t = 0) = V
i
• Population of metastases structured
in volume v described by a density
⇢(t, v)
• Tumors grow in size with rate g(v)
) ransp rt equation when tumors grow
@
t
⇢(t, v) + @
v
(g(v)⇢(t, v)) = 0
t = 18 years
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AN ELEMENTARY THEORY OF METASTATIC DYNAMICS: 
DISSEMINATION + GROWTH
Modeling spontaneous metastasis following 
surgery: an in vivo-in silico approach
D. Barbolosi J. ML EbosS.Benzekry A. Tracz M. Mastri R. Corbelli
• Refinement of the metastatic aggressiveness distribution in patients subgroups 
( odal involvement, horm n l and HER2 tatus,…)
• P t ent-specific estim ti n of μ
• Differential effect of (targeted) therapies on primary tumor and metastases in 
preclinical drug develop ent
• Metastasis remains the cause of 90% of deaths from solid tumors Chaffer and Weinberg, Science 2011
• ~ 20-30% of breast cancer patients will relapse with distant metastases EBCTG, Lancet, 2005
• For breast cancer, the current factors influencing decision for adjuvant therapy are: tumor size, nodal 
involvement, molecular factors (hormonal receptors and HER2 status), histological type and grade.
• In preclinical experiments, there is a need for a combined in vivo/in silico framework to address the effect of 
therapie  on both  the primary tumor AND the etastases Ebos t l., Cancer Cell, 2009, Ebos et al., 
EMBO Mol Med, 2014
We sought to use  mathematical modeling approach for the f llowing q estions: 
• How to model in the most parsimonious way the link between pre-surgical tumor size and dynamics and 
post-surgical development of the metastases? 
• How to quantify metastatic ag ressiveness (refine the M in TNM) and associated inter-individual 
variability?
• How to personalize adjuvant chemotherapy in order to limit toxicities for the low-risk patients and 
decrease the risk of metastatic relapse for high-risk patients?
• What is the quantitative impact of primary tumor resection on the future development of metastases? 
Figure 1
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Negligible recurrence risk (RS = 1 cm)
HR=0.026 (0.0181 - 0.0372) p<0.0001
Benefit (RS = 4.5 cm)
HR=0.535 (0.475 - 0.602) p<0.0001
Negligible benefit (RS = 8 cm)
HR=0.902 (0.811 - 1) p=0.0569
No resection
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Percentile of µ 10 25 37.5 50 62.5 75 90
RSB(µ) (%) 1 1 1 47 14 6.4 1.9
Recurrence threshold (cm) - 6.6 5.2 4 3 2.4 1.4
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decrease the risk of metastatic relapse for high-risk patients?
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t  =  18.0 years
Time (years)




















































team MONC. sebastie .b nzekry@inria.fr
Volume (cells)
















Iwata, Kawas ki, Shig ad , J Theor Biol, 20 0
• Populati n of metastases repre ented by a density 
ρ(t,v) [size-1] structured in size v 
• Secondary tumors grow in size with rate g(v)
 g(v)
• Usual fitting methods consider each time series independently 
• When only sparse data are available from subjects in the same 
population, one can fit parameters distribution all-in-once 
• Reduces the number of parameters from pxN to p+p2
Statistical procedure: nonlinear mixed effects modeling
Individual 1≤j≤N 
Time ti
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The model fits at the individual and population levels
Benzekry et al. (Ebos), Cancer Res, 2016
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Median model primary tumor
10th and 90th percentiles model primary tumor
Data metastatic burden
Median model metastatic burden
10th and 90th percentiles model metastatic burden
Fit Prediction
⇒ model with same growth for PT and mets 
was the most parsimonious 
⇒ good practical identifiability (all rse < 30%) 
⇒ parameter µ is a critical coefficient of inter-
animal variability of metastatic potential (CV = 
176%)
Time (days)



































































































































Nonlinear mixed-effects statistical 
model for inter-animal variability



















































≥ N (0, Ê2)
÷
i




























Differential effects of anti-angiogenic therapies between primary tumor 
and metastases
Research Article
Neoadjuvant antiangiogenic therapy reveals
contrasts in primary and metastatic tumor efficacy
John M L Ebos1,*, Michalis Mastri1, Christina R Lee2, Amanda Tracz1, John M Hudson2, Kristopher
Attwood3, William R Cruz-Munoz2, Christopher Jedeszko2, Peter Burns2,4 & Robert S Kerbel2,4
Abstract
Thousands of cancer patients are currently in clinical trials evaluat-
ing antiangiogenic therapy in the neoadjuvant setting, which is the
treatment of localized primary tumors prior to surgical intervention.
The rationale is that shrinking a tumor will improve surgical
outcomes and minimize growth of occult micrometastatic disease—
thus delaying post-surgical recurrence and improving survival. But
approved VEGF pathway inhibitors have not been tested in clinically
relevant neoadjuvant models that compare pre- and post-surgical
treatment effects. Using mouse models of breast, kidney, and mela-
noma metastasis, we demonstrate that primary tumor responses to
neoadjuvant VEGFR TKI treatment do not consistently correlate with
improved post-surgical survival, with survival worsened in certain
settings. Similar negative effects did not extend to protein-based
VEGF pathway inhibitors and could be reversed with altered dose,
surgical timing, and treatment duration, or when VEGFR TKIs are
combined with metronomic ‘anti-metastatic’ chemotherapy regi-
mens. These studies represent the first attempt to recapitulate the
complex clinical parameters of neoadjuvant therapy in mice and
identify a novel tool to compare systemic antiangiogenic treatment
effects on localized and disseminated disease.
Keywords antibodies; neoadjuvant; surgery; tyrosine kinase inhibitors; VEGF
Subject Categories Cancer; Vascular Biology & Angiogenesis
DOI 10.15252/emmm.201403989 | Received 19 February 2014 | Revised 23
September 2014 | Accepted 25 September 2014
Introduction
Eight inhibitors that block the vascular endothelial growth factor
(VEGF) pathway have now been approved as first- or second-line
treatment in twelve different late-stage cancer types, thus validating
antiangiogenesis as a therapeutic modality in treating established
metastatic disease and late-stage glioblastoma (Jayson et al, 2012).
Stemming from these approvals, several hundred phase II and III
trials were initiated to evaluate VEGF pathway inhibitors in earlier
stage disease, that is, neoadjuvant (pre-surgical) and adjuvant (post-
surgical) treatment settings (Ebos & Kerbel, 2011). Such ‘periopera-
tive’ treatments are unique in that they typically have defined treat-
ment durations (unlike in late-stage or advanced disease, where
treatments are variable depending on response) and are guided by
the hypothesis that drug efficacy in advanced metastatic disease
would elicit equal or greater improvements in the earlier stages
(Tanvetyanon et al, 2005). These benefits—shown with radiation
and chemotherapy (Van Cutsem et al, 2009)—would theoretically
include control of localized primary cancers which, in turn, would
prevent occult micrometastatic disease and improve progression-free
survival (PFS) (Ebos & Kerbel, 2011). However, based on recent clini-
cal and preclinical observations, there is growing concern that VEGF
pathway inhibitors may not be effective in this setting (Ebos & Kerbel,
2011). First, there have been five failed phase III adjuvant trials with
VEGF pathway inhibitors, including four with the VEGF neutralizing
antibody bevacizumab (in combination with chemotherapy or an
anti-HER2 antibody) in colorectal carcinoma (CRC) (AVANT and
C-08) (de Gramont et al, 2012) and triple-negative and HER2+breast
carcinoma (BEATRICE and BETH, respectively) (Cameron et al,
2013), and one with the VEGF receptor tyrosine kinase inhibitor
(RTKI) sorafenib in hepatocellular carcinoma (HCC) (Bruix et al,
2014). Second, growing preclinical evidence suggests that unex-
pected collateral consequences of angiogenesis inhibition may limit
efficacy in preventing growth of micrometastatic lesions (Mountzios
et al, 2014). Indeed, we and others have demonstrated that VEGF
pathway inhibitors can elicit both tumor- and host-mediated reac-
tions to therapy that can offset (reduce) benefits, or even facilitate,
early-stage metastatic disease in certain instances (Ebos et al, 2009;
Paez-Ribes et al, 2009). Though these latter results have thus far not
been confirmed clinically in patients with advanced metastatic
disease when therapy is removed (Miles et al, 2010; Blagoev et al,
2013), they underscore a gap in our current understanding of how
antiangiogenic therapy may work in different disease stages. They
also raise questions about the translational value of preclinical stud-
ies in predicting clinical outcomes. This is of immediate concern as
few preclinical studies have tested VEGF pathway inhibitors in
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Accelerated Metastasis after Short-Term Treatment
with a Potent Inhibitor of Tumor Angiogenesis
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Herein we report that the VEGFR/PDGFR kinase inhibitor sunitinib/SU11248 can accelerate metastatic tumor
growth and decrease overall survival in mice receiving short-term therapy in various metastasis assays,
including after intravenous injection of tumor cells or after removal of primary orthotopically grown tumors.
Acceleration of metastasis was also observed in mice receiving sunitinib prior to intravenous implantation of
tumor cells, suggesting possible ‘‘metastatic conditioning’’ in multiple organs. Similar findings with additional
VEGF receptor tyrosine kinase inhibitors implicate a class-specific effect for such agents. Importantly, these
observations of metastatic acceleration were in contrast to the demonstrable antitumor benefits obtained
when the same human breast cancer cells, as well as mouse or human melanoma cells, were grown ortho-
topically as primary tumors and subjected to identical sunitinib treatments.
INTRODUCTION
Multiple strategies for inhibiting the VEGF pathway have been
shown in numerous preclinical studies to hinder tumor growth,
and the recent approval of a VEGF-neutralizing antibody (beva-
cizumab) and VEGF receptor tyrosine kinase inhibitors (RTKIs)
(sorafenib and sunitinib) has clinically validated targeting VEGF
or its receptors (particularly VEGFR2) as an anticancer treatment
(Folkman, 2007). The purpose of the present study was to test
whether a VEGF RTKI, when administered daily for short periods,
can influence the growth of experimental and spontaneous
metastasis in mice. The rationale for this experimental design
was based on a number of recent clinical and preclinical obser-
vations. First, while sorafenib and sunitinib have been approved
for the treatment of renal cell carcinoma, as well as hepatocel-
lular carcinoma (sorafenib only) and gastrointestinal stromal
tumor (sunitinib only), enduring clinical responses are rare. More-
over, single-agent use of such drugs, including bevacizumab,
has not led to meaningful beneficial activity in many cases.
Second, when such agents are administered on a discontinuous
schedule, such as with sunitinib (4 weeks on/2 weeks off), tumor
regrowth has sometimes been observed during drug-free break
periods (Burstein et al., 2008) or when treatment is discontinued
(Johannsen et al., 2008). Third, rapid tumor revascularization has
been reported when therapy is stopped in preclinical studies
(Mancuso et al., 2006). Finally, we recently reported that
a number of changes in proangiogenic plasma proteins
observed in patients after sunitinib treatment could be recapitu-
lated in non-tumor-bearing mice, and moreover, in a dose-
dependent manner (Ebos et al., 2007). Together, these results
suggest a systemic host response to VEGF inhibition that could
play a role in regrowth of both tumor and vasculature in eventual
evasion of response during continued antiangiogenic treatment
(Bergers and Hanahan, 2008; Casanovas et al., 2005) as well
SIGNIFICANCE
The use of VEGF pathway inhibitors to impair angiogenesis now represents a clinically validated anticancer treatment
strategy. However, the benefits of VEGF-targeted agents in the treatment of late-stage cancers can be transitory, resulting
in eventual drug resistance, tumor growth and/or regrowth, and rapid vascular recovery when therapy is stopped. Our find-
ings here demonstrate that angiogenesis inhibition in mice can lead to opposing effects on tumor growth and metastasis
depending on tumor stage and treatment duration. These observations could have clinical implications with respect to
optimal dose, treatment schedule, and therapy in the adjuvant/neoadjuvant setting and highlight the importance of testing
additional drugs in combination as a possible approach to abrogate this effect.
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Fig 2: Simulations of effect or no effect of treatment on metastases
Comparison of the experimental data with model simulations under the hypothesis of
effect (A) or no effect (B) of therapy on the metastases. The data comprises primary
tumor and metastatic growth dynamics in a group of sunitinib treated animals (14 days
treatment at the dose level of 60 mg/kg). Simulations were obtained using parameter
estimates from a previous population fit on a group of untreated animals [Benzekry et
al., Cancer Res, 2016]. The inhibitory effect of sunitinib was simulated by setting the
growth rate to zero during the time in which the drug was administered.
A) Simulation obtained including treatment also on metastases. B) Simulations
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PhD thesis of C. Nicolo
A validated model of metastatic growth with neoadjuvant Sunitinib therapy
Figure 4




































































































Table 1: Parameter estimates of the K-PD model obtained by 
likelihood maxi ization via the SAEM algorithm. 
Abbreviations: CV, coefficient of variation computed as the ratio 
of the standard deviation and the median of the estimated 
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Nicolo et al. (Ebos, Benzekry), 2018, in preparation
Model fit
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Trying to predict µ from biomarkers using machine learning
Figure S7. Observed vs Predicted values for the SVM and cond. random forest models





















































































































































































































































SVM Cond. Random forest
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Biological measurements on multiple biomarkers 
• Circulating tumor cells 
• Proliferative (Ki67+) and endothelial cells (CD31+) 
• Myeloid Derived Suppressor Cells (MDSCs)






























R  =  0.154 p  =  0.218
Vehicle Su60(3D)

























R  =  -0.317 p  =  0.25
























R  =  0.414 p  =  0.142
Su60(7D) Su60(14D)
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R  =  -0.0782 p  =  0.791
Su120(3D) Su120(3D)/Su60(11D)
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R  =  0.331 p  =  0.385
Impact of treatment breaks




























































































































































2. Clinical application 
• 20 year follow-up of 2648 patients   Koscielny et al., 
Br J Cancer, 1984 
• Assumptions 
• (lognormal) distribution of µ for inter-
individual variability 
• Doubling time from median values of the 
literature (7 months) Coumans et al., BMC 
Cancer 2013 
• Maximal reachable size = 1012 cells ≃ 1 kg 
Klein, Nat Rev Cancer, 2009 
•  Probability of developing a met = probability of 
having one at diagnosis 
Metastatic relapse probability in a breast cancer clinical 
dataset









1  D  2.5 27.1 27.3
2.5 < D  3.5 42.0 43.1
3.5 < D  4.5 56.7 56.6
4.5 < D  5.5 66.5 65.6
5.5 < D  6.5 72.8 74.0
6.5 < D  7.5 83.8 80.1
7.5 < D  8.5 81.3 84.5
Table 2: Parameters inferred from the model
Data Location Par. Unit Estimate (CV) 95 % CI
In vitro   day 1 0.837 (-) (0.795 - 0.879)
Preclinical
PT
Vinj mm3 1 (-) -
aP day 1 0.605 (10.5) (0.561 - 0.651)




p/s 10 (-) -
a day 1 1.52 (10.2) -
b day 1 0.0817 (18.9) (0.0731 - 0.0914)
m day 1 0.00297 (4379) (0.000811 - 0.0109)






aP day 1 0.013 (-)





a day 1 0.013 (-)
b day 1 4.71⇥ 10 4 (-)
m day 1cell   1.03⇥ 10 7 (452)
  - 0.448 (-)
Clinical data
20 year follow-up of 2648 breast
cancer patients










1   2.5 27.1 25.5
2.5   3.5 42.0 42.3
3.5   4.5 56.7 56.3
4.5   5.5 66.5 65.9
5.5   6.5 72.8 74.3
6.5   7.5 83.8 80.8
7.5   8.5 81.3 85.7
p = 0.023
Pearson’s  2 test for goodness-of-fit
•
Gompertz growth of PT, doubling
time at 1 gram = 7 months and
carrying capacity = 1012 cells (1
kg)
• Recover cancer inception time -T1
from PT volume at diagnosis
• Lognormal distribution of µ for
inter-individual variability
• Probability of metastatic relapse
= probabi ity of having ne a
diagnosis












= 7 ⇥ 10 12cell 1 · day 1Benzekry et al. (Ebos), Cancer Res, 2016
Diagnosis personalization
Volume (cells)

































Virtual patient with 
median µ
Virtual patient with 
large µ (90th prct)
Benzekry et al. (Ebos), Cancer Res, 2016
Breast cancer patient with primary tumor of 4.32 cm
Nothing visible





























































































Growth law: gp(Vp)=Vp(αp-βpln(Vp)) 
Growth law: g(V)=V(α-βln(V))  





The model with dormancy could describe best the data
Months post-diag




















Pre-calibrated From “best fit”








































Figure 1: Observed mets growth and the theoretical one with pre-calibrated growth pa-
rameters and with parameters from our best fit.
smaller. Thus, visually, fit with parameters from the best fit is better, but quantitatively,
the worsening of the fit for the biggest met increases RSS value almost 6-fold.
At fig. 3-4 theoretical sized for all the mets are plotted.
Conclusion
Performing fit of mets dissemination parameters we used fixed pre-calibrated values on
mets growth parameters. This estimation was based only on the sizes of all mets with
time. Pre-calibrated parameters show quite good agreement with data (fig. 1 left). At
the same time, when we let both dissemination and growth parameters free, we obtained
much better fit of the cumulative distribution function, but we also got di↵erent values
of ↵0 and  . Thus, we plotted theoretical growth of all mets with the corresponding
growth parameters (fig. 1 right). After visual comparison of two results we can conclude
that in general, growth law with parameter values taken from the “best fit” matches data
quite good and sometimes (quantitatively in cases of ten mets) better than law with pre-
calibrated values. Nevertheless, the value of RSS for the growth law with parameters from
the “best fit” is almost 6-fold higher. Thus, improvement of the fit for the smaller mets is
negligible in comparison to the worsening of the fit for the biggest met.
2
Bilous et al. (Benzekry), biorXiv, 2018





Di↵. growth 4.95 1.79
1
Objective function
Dormancy estimated to 133 days ± 4.2%
Bilous et al. (Benzekry), biorXiv, 2018
Years post diagnosis
































Current work: implementing the mechanistic model into a 
biostatistical model at the population scale
• Use the model for predictions of time-to-relapse and survival 
• Implement clinical variables and biomarkers as biologically meaningful covariates 








PT growth law: gp 
Metastases growth law: g 
Pre-diagnosis Post-diagnosis
μ(Vp)γ
Current work: implementing the mechanistic model into a 
biostatistic l model at the population scale
• The majority of mathematical modeling efforts are focused on (primary) tumor growth 
• However, metastasis is the main cause of death (>90%) from cancer Lambert and Weinberg, Cell, 2017 
• Existing models are based on a statistical, biologically agnostic, prediction of survival
Predictionvan de Vijver et al., A gene expression signature as a predictor of survival in breast cancer, N 
Eng J Med, 2002
 
GENE-EXPRESSION SIGNATURE AS A PREDICTOR OF SURVIVAL IN BREAST CANCER
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Figure 2. Kaplan–Meier Analysis of the Probability That Patients Would Remain Free of Distant Metastases and the Probability of
Overall Survival among All Patients (Panels A, and B, Respectively), Patients with Lymph-Node–Negative Disease (Panels C and D
[Facing Page], Respectively), and Patients with Lymph-Node–Positive Disease (Panels E and F, Respectively), According to Whether
They Had a Good-Prognosis or a Poor-Prognosis Signature.
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CLINICAL DATA OF METASTATIC RELAPSE PROBABILITY
2648 breast cancer patients screened for 
20 years after primary tumor resection (no 
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Koscielny et al., Br J Cancer, 1984
 
Cancer inception time can be inferred from 
PT volume V1 at diagnosis time T1 
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126 days 189 days 252 days 126 days 182 days 252 days
1.3 ◊ 10≠7 1 0 ı 0 ı ı
2.7 ◊ 10≠7 2 1 0 2 0 ı
4.0 ◊ 10≠7 3 2 1 3 1 0






fl(t, v) + ˆ
v
(g(t, v)fl(t, v)) = 0 t œ]0, +Œ[, v œ]V0, +Œ[
g(t, V0)fl(t, V0) = µVp(t) t œ]0, +Œ[
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Breast cancer data base 1057 patients), I. Bergonié
Years post diagnosis
































Figur  6: Clinical application
Simulations of the 
natural history
p
tumor size clinical 0.00165

























Features selection based on C
ox regression
AUROC Accuracy NPV PPV
Random forest 0.727 87 91.7 22.5
Logistic regression 0.772 90.1 91 25
Cox regression 0.728 87.4 91.1 16.7
Bio-based 0.641 89.7 91.3 31.2
1
AUROC = Area Under the ROC curve, NPV = Negative Predictive Value
PPV = Positive Predictive Value
Time to relapse
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3. Tumor-tumor interactions: a dynamical study of 
concomitant resistance
Concomitant tumor resistance
• Critical clinical implications in terms of post-surgery 
metastatic acceleration
• Inhibition of secondary growth by a primary mass
Primary hypothesis: athrepsia 






 Dewys, Cancer Res 1972
CR occurs in immune-
deprived mice 
 Gorelik, Int J Cancer 1981
Cytostatic circulating factor 
 Ruggiero et al., Br J Cancer 
1985
Systemic inhibition of 
angiogenesis 




Figure 1. Inhibition of the Growth of Metastases by the Presence of 
a Primary Tumor 
Thirty mice were implanted with LLCs. When tumors were 1500 mm3, 
half of the mice had their tumors removed. Within 15 days of tumor 
removal, the number of surface lung metasmses (A) and lung weight 
(B) had markedly increased as compared with the mice with an intact 
primary tumor. In mice with an intact primary tumor, lung weight (which 
correlates with tumor burden) was not significantly different from that 
of a normal lung. 
genesis inhibitor(s) in the circulation relative to angiogenic 
stimulator(s). 
We have developed an animal model in which the pres- 
ence of a primary tumor almost completely suppresses 
the growth of its metastases. We now report the isolation, 
purification, and amino acid sequence of a polypeptide 
generated by the primary tumor that inhibits angiogenesis 
and growth in a secondary metastasis. 
Tumor Present 
InhIbitIon of the Growth of Metada 
by the Preaonce of a Pdmary Tumor 
Several murine tumors, which included sarcoma-160, 
B-l 6 melanoma, colon-66 adenocarcinoma, and various 
cell lines of Lewis lung carcinoma (LLC), were compared 
for the ability of a primary dorsal subcutaneous tumor to 
inhibit growth of its distant metastases. A variant of LLC 
(designated LLC-LM, i.e., low metastatic) most potently 
suppressed lung metastases; removal of the tumor was 
followed by the most rapid growth of me&stases. 
LLC cells implanted into the dorsal skin of C57BL6/J 
mice formed visible tumors (60-160 mm? within 3 days. 
Within 13-21 days of removal of a primary LLC of 600- 
2000 mm3, the number of visibte surface lung metastases 
had increased by lO-fold compared with control mice with 
an intact tumor (Figure 1 A). Lung weight, which correlates 
with total tumor burden, increased 400% relative to mice 
in which the primary tumor was intact (p < 0.001) (Figure 
1 B). Since comparable results were obtained in immuno- 
deficient SCID mice lacking both T and B lymphocytes 
(data not shown), the inhibition of metastatic growth was 
not dependent on an intact immune system. In mice with 
an intact primary tumor, histological studies revealed the 
presence of microscopic metastases, either as perivascu- 
lar cuffs of eight or nine cell layers around a preexisting 
venule or as a thin colony of two layers of tumor cells 
Tumor Removed 
Figure 2. The Presence of a Primary Tumor Is Associated with an Inhibition of Neovascularizatlon and Growth of Its Metastaees 
Mice were sacrificed 15 days after removal of primary tumors and their lungs compared with lungs of mice with an intact primary tumor. Hematoxylin 
and eosin staining of sections of lungs revealed the presence of m&stases in both groups. Mice with a primary tumor present (left panels) had 
only small meta&ses (arrows) as compared wtth the growing and Invasive metaetaees in the lungs of mice after primary tumor removal (right panels). 
lmmunohistochemicaf staining with antibodies (Ab) against von Wilbbrand factor revested neovasculariurtion (brown statn) of the me@etaeH after 
primary tumor removal. In contrast, when the tumor was left In place, there was only pertvascular cufffng of metastasas wtthout neovascutarkatttn. 
Normal lung vessels were seen in both groups. 
O’Reilly et al. (Folkman), Cell, 1994
Questions and experiment
Questions 
• Quantitatively distinguish between qualitatively valid theories of tumor-
tumor interactions 
• Establish and validate a minimal model able to simulate tumor-tumor 
interactions 
Experiment 
• Injection s.c. of two tumors of 106 LLC cells in C57/BL6 mice 
• Two groups 
– Control: only one tumor 
– Group S: simultaneous injection of cells in two different sites
A mouse with two tumors
Days





















Small/Large in two-tumor 
bearing animals VS artificially 
paired small/large controls
One tumor has normal growth and the other is suppressed
Benzekry et al. (Hahnfeldt), Cancer Res, 2017
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(Figure 1). Dividing the population of tumor cells between proliferative (�!(�) and 
�!(�)) and quiescent (�!(�) and �!(�)) compartments, this theory was formalized in a 
simple way by the following equations: 
 
��!
�� = ��! − (��! + �(�! + �!))1!!!!,       �! � = 0 = �!,!
��!
�� = ��! + �(�! + �!),       �! � = 0 = 0
��!
�� = ��! − (��! + �(�! + �!))1!!!!,       �! � = 0 = �!,!
��!
�� = ��! + �(�! + �!),       �! � = 0 = 0
 (1)  
In this model, � is the proliferation rate, � is the product of the production rate of 
cytostatic factors (such as meta- and ortho-tyrosines) and the transfer rate from 
proliferation to quiescence. The systemic dynamics of these seric factors was 
assumed to be at quasi-steady state and controlled by parameter � (which 
aggregates transfer from the tumor cells into the circulation, natural degradation and 
transfer back from the circulation to the distant site as well as production and effect 
rates). The Heaviside functions 1!!!! and 1!!!! (which equate one if �! > 0 and zero 
elsewhere) stand for the fact that when factors are present but no proliferative cells 
exist, nothing happens. In particular, they ensure that the solutions (understood in the 
weak sense due to the discontinuous nature of the Heaviside function) remain 
positive. 
Indirect (angiogenesis-related) inhibition of growth 
Derivation of this model was based on previous modeling considerations of tumor 
growth under angiogenic signaling (28) and distant angiogenic inhibition (38,39). In 
the model, the tumors carrying capacities, denoted �! and �! are dynamical 
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𝑑𝑡 = 𝑎𝑉1 ln (
𝐾1
𝑉1
) ,       𝑉1(𝑡 = 0) = 𝑉0,1
𝑑𝐾1
𝑑𝑡 = 𝑏𝑉1 − 𝑑𝑉1
2
3𝐾1 − 𝑒𝑉21𝐾1>𝐾0,       𝐾1(𝑡 = 0) = 𝐾0
𝑑𝑉2
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𝐾2
𝑉2
) ,       𝑉2(𝑡 = 0) = 𝑉0,2
𝑑𝐾2
𝑑𝑡 = 𝑏𝑉2 − 𝑑𝑉2
2




• Symmetry: same parameters for tumor 1 and 
tumor 2 
• Should resume to single tumor growth in the 
absence of the other tumor 
• Main assumption for the difference between the two 
tumors: difference in the initial take (V0,1 = 1, V0,2 = 
0.75) 
• Difference in the growth kinetics should not result 
from difference in V0 
• Model selection (rejection) criteria: goodness-of-fit + 
parameter identifiability
Benzekry et al. (Hahnfeldt), Cancer Res, 2017
The competition model did not fit
B. Competition
Days
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Benzekry et al. (Hahnfeldt), Cancer Res, 2017
The « inhibition of proliferation » model fitted best
Table 2
Model Par. Unit Median value (CV) RSE (%)
Proliferation inhibition
↵ day 1 5.77 (67.4) 17.5
  day 1 5.07 (49.3) 21.2
  - 0.074 (2.69e+03) 2.47
Angiogenesis inhibition
a day 1 0.182 (47.8) 4.01
b day 1 21.5 (603) 2.34
e day 1 4.75 (106) 1.48
Competition
a day 1 0.085 (30.9) 3.45















































































Model SSE AIC RMSE R2 #
Proliferation inhibition 0.204(0.0319 - 0.461)[1] -14.2(-54 - -8.28)[1] 0.453(0.182 - 0.688)[1] 0.961(0.902 - 0.987)[1] 3
Angiogenesis inhibition 0.336(0.154 - 0.772)[2] -5.07(-27.5 - 5.67)[2] 0.588(0.4 - 0.891)[2] 0.957(0.645 - 0.986)[2] 3
Competition 0.666(0.141 - 2.2)[3] 0.71(-33.2 - 13.1)[3] 0.828(0.383 - 1.5)[3] 0.694(-0.0757 - 0.964)[3] 2
Figure 4
Days



















































































































































































Large tumor with interactions
Large tumor without interactions
Small tumor with interactions





Large tumor with interactions





Sm ll tumor with interacti ns





• A general modeling framework for modeling metastases 
• Statistical nonliner mixed-effects modeling very useful for parameter estimations 
• Simplified model (growth + dissemination) able to describe available clinically relevant 
preclinical data of dynamics of total metastatic burden 
• Same growth for primary tumor and mets in breast animal model 
• A patient-specific key parameter µ is critical in the quantification of patient-specific 
metastatic aggressiveness 
• Could be clinically useful for guiding adjuvant therapy (chemotherapy/WBRT) 
• Application to clinical data of number and size of brain mets suggested dormancy in 
NSCLC 
• Quantitative exploration of classical theories for metastatic colonization and tumor-
tumor interactions
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